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Original Article
Objectives: The aim of this study was to determine the factors associated with the spatial distribution of the incidence of colorectal 
cancer (CRC) in the neighborhoods of Tehran, Iran using Bayesian spatial models.
Methods: This ecological study was implemented in Tehran on the neighborhood level. Socioeconomic variables, risk factors, and 
health costs were extracted from the Equity Assessment Study conducted in Tehran. The data on CRC incidence were extracted from 
the Iranian population-based cancer registry. The Besag-York-Mollié (BYM) model was used to identify factors associated with the spa-
tial distribution of CRC incidence. The software programs OpenBUGS version 3.2.3, ArcGIS 10.3, and GeoDa were used for the analysis.
Results: The Moran index was statistically significant for all the variables studied (p<0.05). The BYM model showed that having a 
women head of household (median standardized incidence ratio [SIR], 1.63; 95% confidence interval [CI], 1.06 to 2.53), living in a 
rental house (median SIR, 0.82; 95% CI, 0.71 to 0.96), not consuming milk daily (median SIR, 0.71; 95% CI, 0.55 to 0.94) and having 
greater household health expenditures (median SIR, 1.34; 95% CI, 1.06 to 1.68) were associated with a statistically significant eleva-
tion in the SIR of CRC. The median (interquartile range) and mean (standard deviation) values of the SIR of CRC, with the inclusion of 
all the variables studied in the model, were 0.57 (1.01) and 1.05 (1.31), respectively. 
Conclusions: Inequality was found in the spatial distribution of CRC incidence in Tehran on the neighborhood level. Paying attention 
to this inequality and the factors associated with it may be useful for resource allocation and developing preventive strategies in at-
risk areas.
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INTRODUCTION 
Colorectal cancer (CRC) is one of the most important public 
health problems, and it is becoming more common worldwide 
[1]. CRC is the third most common cancer and the fourth leading 
cause of death from cancer in the world, and is responsible for 
8% of all deaths from cancers. In 2012, approximately 1 361 000 
new cases of CRC occurred, including 614 000 in women and 
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746 000 in men [1.2]. CRC is the third most common cancer in 
men and the second most common cancer in women, with a 
standardized incidence rate of 20.6 and 14.6 per 100 000, re-
spectively [2,3]. CRC is one of the most common cancers in Iran, 
where it is the third most common cancer in men and the fourth 
most common cancer in women, with standardized incidence 
rates of 8.1-8.3 and 6.5-7.5 per 100 000, respectively; more-
over, CRC is responsible for 8.4% of all cancers in Iran [4-6]. 
In general, considerable worldwide variation exists in the in-
cidence and mortality of CRC. Approximately 55% of cases of 
CRC occur in developed countries. The highest age-standard-
ized rate (ASR) in the world has been found in Australia/New 
Zealand (44.8 and 32.2 per 100 000 in men and women, re-
spectively) and the lowest ASR has been reported in western 
Africa (4.5 and 3.8 per 100 000 in men and women, respec-
tively) [7]. Moreover, studies have shown wide variation in the 
incidence of CRC in different regions of Iran [8,9].
Variation in the incidence of CRC can be caused by different 
distributions of risk factors, especially environmental risk fac-
tors such as socioeconomic, cultural, and behavioral factors 
[10]. Many studies have examined the incidence of CRC in Iran 
and its related factors, but these studies have generally been 
conducted on the individual level, whereas ecological studies 
have deliberately been carried out on the provincial level 
[11,12]. However, the ecological fallacy states that the distri-
bution of disease in smaller geographic units may be different 
from the distribution in larger units [13]. In Iran, very few stud-
ies have investigated smaller geographic units, such as neigh-
borhoods, and the effects of socioeconomic factors and risk 
factors on neighborhood-level geographical inequality. None-
theless, creating knowledge in this field (disease mapping) 
can be very helpful for describing the geographical variation 
of risk factors (hypothesis generation), identifying high-risk re-
gions, and forming a basis for the assessment of health in-
equalities in order to better allocate health and medical re-
sources [14,15].
However, given the aging population and the increasing in-
cidence of different types of cancer in Iran, especially CRC, and 
the importance of cancer prevention, it is necessary to identify 
neighborhoods with a high incidence of CRC in cities and to 
clarify the role of potentially relevant socioeconomic factors, 
health costs, and risk factors for the development of preven-
tive strategies by using advanced statistical models. One of 
the most important of these advanced models is the Besag-
York-Mollié (BYM) model. The BYM model has interesting fea-
tures, such as being easy to interpret, having high precision, 
allowing the identification of geographical variations and pat-
terns of spatial associations, and enabling the estimation of 
the relative weights of the risk factors for the outcome [12,16,17]. 
Therefore, based on the above considerations, the aim of this 
study was to determine the effect of factors (socioeconomic 
factors, health costs, and risk factors) associated with the spa-
tial distribution of the incidence of CRC on the neighborhood 
level in Tehran (the capital of Iran) by using the BYM model. 
METHODS
Study Area
This ecological study was conducted in the city of Tehran 
(the capital of Iran). The Tehran metropolitan area comprises 
638 km2, and is situated at the latitude of 35°45’N and the lon-
gitude of 51°25’E. The city has 22 districts. The geographical 
units of the study were 374 neighborhoods in the city of Tehran.
Required Data for the Study
Demographic information
In the present study, the demographic data of people aged 
50 and older (the at-risk population for the incidence of CRC) 
were extracted from Iranian national censuses in 2006 and 
2011. The population of people aged 50 and older for each 
neighborhood was calculated as follows:
Information regarding the incidence of colorectal cancer  
Data regarding the incidence of CRC from 2008 to 2011 
were extracted from the population-based cancer registry 
data of the Iranian Ministry of Health and Medical Education. 
Then, according to the postal address of the patients, the 
number of CRC cases in each neighborhood was determined.
Socioeconomic information, risk factors, and health  
expenditures
We extracted socioeconomic variables, risk factors, and 
health expenditures from the Equity Assessment Study con-
ducted in Tehran. The Equity Assessment Study was a cross-
sectional study conducted in Tehran in 2011 to identify in-
equalities in physical, psychological, social, and environmental 
factors. Fr data collection in 22 municipalities and neighbor-
hoods of Tehran, multi-stage sampling was performed. Each 
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district was considered independently to calculate the sample 
size based on the Cochrane formula, with 1535 households in 
each district based on variables with a prevalence of at least 
10%, a margin of error (d) of 0.015, and a 95% confidence in-
terval (CI). Then, to facilitate the allocation of samples to the 
8-box table that had to be completed as part of the individual 
questionnaires and to achieve higher precision, the sample 
was expanded to 1600 households, regardless of the popula-
tion size in each district. Then, 200 blocks were assigned to 
each district equally. In each block, 8 households were select-
ed for a random systematic study. To allocate samples on the 
neighborhood level, the probability was proportional to the 
size of each district. Overall, 34 700 households (118 000 indi-
viduals) were studied in 22 municipalities of Tehran in 2011. 
The Equity Assessment Study utilized 2 types of question-
naires, consisting of 20 parts, 14 of which were applied at the 
household level for all 8 selected households in the block, and 
6 of which (mental health, quality of life, social capital, physi-
cal pain, oral health, and physical activity) were completed for 
a selected household in each block (based on the age and 
gender table). The details of that study were fully described by 
Asadi-Lari et al. [18]. 
Statistical Analysis
The Besag-York-Mollié  model
The lack of the assumption of independent observations 
and overdispersion are important challenges when the Pois-
son model is used for count data in a spatial analysis. To deal 
with these challenges, hierarchical models such the BYM 
model have been introduced. The BYM model can be used to 
consider random spatial effects and/or any unstructured ran-
dom effects [19]. As a hierarchical model, this model is suitable 
for explaining these 2 types of heterogeneity in different re-
gions. In other words, the relative risk (RR) is divided into 3 
components, as follows: 
The hierarchical approach of the BMY model is as follows: 
Level 1: It is assumed that the outcomes have a Poisson dis-
tribution and that the RRs θi are independent of each other.
Level 2:  The linear predictor variable assumes that θi has the 
following form: 
Socioeconomic information, risk factors, and health expenditures
We extracted socioeconomic variables, risk factors, and health expenditures from the Equity 
Assessment Study conducted in Tehran. The Equity Assessment Plan was a cross-sectional study 
conducted in Tehran in 2011 to identify inequalities in physical, psychological, social, and environmental 
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samples to the 8-box table that had to be completed as part of the individual questionnaires and to achieve
higher precision, the sample was expanded to 1600 households, regardless of the population size in each 
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block, and 6 of which (mental health, quality of life, social capital, physical pain, oral health, and physical 
activity) were completed for a selected household in each block (based on the age and sex table). The 
details of that study were fully described by Asadi-Lari et al. [18].
Statistical Analysis
The BYM model
The lack of the assumption of indep dent observations and overdispersion are important challenges 
when the Poisson model is us d for count data in a spatial analysis. To deal with these challenges, 
hierarchical models such the BYM model have been introduced. The BYM model can be used to consider 
random spatial effects and/or any unstructured random effects [19]. As a hierarchical model, this model is 
suitable for explaining these 2 types of heterogeneity in different regions. In other words, the 
relative risk (RR) is divided into 3 components, as follows: 
𝑦𝑦𝑖𝑖~𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝐸𝐸𝑖𝑖𝜃𝜃𝑖𝑖) 
Log (𝜃𝜃𝑖𝑖) = 𝛼𝛼 + 𝑢𝑢𝑖𝑖 + 𝑣𝑣𝑖𝑖
The hierarchical approac  of the BMY m del is as follows: 
Where α is the log-RR baseline, and vi and ui represent the 
spatial random structure and the non-spatial random struc-
ture, respectively. Spatial autocorrelation across neighbor-
hoods (vi) is induced by the conditional autoregressive (CAR) 
model. The CAR model represents risk factors with spatial 
structures, so that specific risk estimates of a given area will 
tend to shrink toward a local mean. The CAR model within the 
BYM model is as follows:
If areas i and j are neighbors of each other, the weight is 
qual to 1, and otherwise it is 0. 
The spatial heterogeneity model is dependent on the num-
ber of neighbors, and the assumption of independence is not 
always satisfied. To solve this problem, non-spatial random ef-
fects (ui), which usually are called exchangeable random ef-
fects, are defined. Non-spatial random effects indicate that the 
specific risk estimates of a given area will tend to shrink to-
ward the global mean of the study area. This component in 
the BYM model is as follows: 
The parameters          and          control variability in v and u.
Level 3: On this level, the prior distribution determines the 
precise parameters of 2 random effects from the second level. 
If G (a, b) represents the gamma distribution with expected 
value    and variance      , for the 2 parameters of                  and 
             , 2 distributions–gamma (av, bv) and gamma (au, bu)–
are defined [14,19,20]. To select the suitable gamma distribu-
tion, we used av=0.5 and bv=0.005 for spatially structured 
random effects and au=0.01 and bu=0.01 for non-spatially 
structured random effects, based on previous studies in this 
field. These values are equivalent to a non-informative prior 
distribution.
The inclusion of independent variables in the  Besag-York-
Mollié  model
The BYM model is as follows when independent variables 
are added: 
In this equation, vi and ui have a normal prior distribution 
and a normal conditional autocorrelation distribution, respec-
tively. Additionally, β has a prior normal distribution. 
Level 1: It is assumed that the outcomes have a Poisson distribution and that the RRs 𝜃𝜃𝑖𝑖 are 
independent of each other.
Level 2: The linear predictor variable assumes that 𝜃𝜃𝑖𝑖 has the following form: log(𝜃𝜃𝑖𝑖) = 𝛼𝛼 + 𝑢𝑢𝑖𝑖 + 𝑣𝑣𝑖𝑖  
Where 𝛼𝛼 is the log-RR baseline, and 𝑣𝑣𝑖𝑖 and 𝑢𝑢𝑖𝑖 represent the spatial random structure and the 
non-spatial random structure, respectively. Spatial autocorrelation across neighborhoods (𝑣𝑣𝑖𝑖) is 
induced by the conditional autoregressive (CAR) model. The CAR model represents risk factors 
with spatial structures, so that specific risk estimates of a given area will tend to shrink toward a 
local mean. The CAR model within the BYM model is as follows:
�𝑣𝑣𝑖𝑖|𝑣𝑣𝑗𝑗, 𝑃𝑃 ≠ 𝑗𝑗, 𝜏𝜏𝑣𝑣2�~𝑁𝑁(?̅?𝑣𝑖𝑖 , 𝜏𝜏𝑖𝑖2)   where    ?̅?𝑣𝑖𝑖 = 1∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 ∑ 𝑣𝑣𝑗𝑗𝑤𝑤𝑖𝑖𝑗𝑗𝑗𝑗  and 𝜏𝜏𝑖𝑖2 = 𝜏𝜏𝑣𝑣2∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖  
If areas i and j are neighbors of each other, the weight is equal to 1, and otherwise it is 0. 
The spatial heterogeneity model is dependent on the number of neighbors, and the assumption of 
independence is not always satisfied. To solve this problem, non-spatial random effects (𝑢𝑢𝑃𝑃),
which usually are called xcha geable random effects, are defined. Non-spatial random effects 
indicate that the specific risk estimates of a given area will tend to shrink toward the global mean 
of the study area. This component in the BYM model is as follows:  
𝑢𝑢𝑖𝑖~𝑁𝑁(0, 𝜏𝜏𝑢𝑢2) 
The parameters 𝜏𝜏𝑣𝑣2 and 𝜏𝜏𝑢𝑢2 control variability in v and u.
Level 3: On this level, the prior distribution determines the precise parameters of 2 random 
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independence is not always satisfied. To solve this problem, non-spatial random effects (𝑢𝑢𝑃𝑃),
which usually are called exchangeable random effects, are defined. Non-spatial random effects 
indicate tha the specific risk estimates of a given area will tend to shrink toward the global mean 
of th  study area. This component in the BYM mod l is s follows:  
𝑢𝑢𝑖𝑖~𝑁𝑁(0, 𝜏𝜏𝑢𝑢2) 
The p ram ters 𝜏𝜏𝑣𝑣2 and 𝜏𝜏𝑢𝑢2 tr l iab lity in v and u.
Level 3: On this level, the prior distribution determines the precise parameters of 2 random 




, for the 2 parameters of 𝜏𝜏𝑣𝑣 = 1𝜎𝜎𝑣𝑣2 and 𝜏𝜏𝑢𝑢 = 1𝜎𝜎𝑢𝑢2 , 2 distributions—gamma 
(𝑎𝑎𝑣𝑣 ,𝑏𝑏𝑣𝑣) and gamma (𝑎𝑎𝑢𝑢 ,𝑏𝑏𝑢𝑢)—are defined [14,19,20]. To select the suitable gamma distribution, 
we used 𝑎𝑎𝑣𝑣= 0.5 and 𝑏𝑏𝑣𝑣= 0. 05 for spatially structured random effects and 𝑎𝑎𝑢𝑢= 0.01 and 𝑏𝑏𝑢𝑢=
0.01 for non-spatially structured random effects, based on previous studies in this field. These 
values are equivalen  to a non-informative prior distribution.
Level 1: It is assumed that the outcomes have a Poisson distribution and that the RRs 𝜃𝜃𝑖𝑖 are 
independent of each other.
Level 2: The linear predictor variable assumes that 𝜃𝜃𝑖𝑖 has the following form: log(𝜃𝜃𝑖𝑖) = 𝛼𝛼 + 𝑢𝑢𝑖𝑖 + 𝑣𝑣𝑖𝑖  
Where 𝛼𝛼 is the log-RR baseli e, and 𝑣𝑣𝑖𝑖 and 𝑢𝑢𝑖𝑖 repr sent the spatial ra dom structure and th  
non-spatial random structure, respectively. Spatial autoco rel tion across neighborhoods (𝑣𝑣𝑖𝑖) is 
induced by the conditional autoregressive (CAR) model. The CAR model represents risk fact rs 
with spatial structures, so that specific risk estimates of a given area will tend to shrink toward a 
local mean. The CAR model within the BYM model is as follows:
�𝑣𝑣𝑖𝑖|𝑣𝑣𝑗𝑗, 𝑃𝑃 ≠ 𝑗𝑗, 𝜏𝜏𝑣𝑣2�~𝑁𝑁(?̅?𝑣𝑖𝑖 , 𝜏𝜏𝑖𝑖2)   where    ?̅?𝑣𝑖𝑖 = 1∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 ∑ 𝑣𝑣𝑗𝑗𝑤𝑤𝑖𝑖𝑗𝑗𝑗𝑗  and 𝜏𝜏𝑖𝑖2 = 𝜏𝜏𝑣𝑣2∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖  
If areas i and j are neighbors of each oth r, the weig t i  equal to 1, and otherwise it is 0. 
The spatial heterogeneity mo el is dependent on the number f ne ghbors, and the assumption of 
independence is not always satisfied. To solve this problem, non-spatial random eff cts (𝑢𝑢𝑃𝑃),
which usually are called exchangeable random effects, are defined. Non-spatial random effects 
indicate that the specific risk estimates of a given area will tend to shrink toward the global mean 
of the study area. This component in the BYM model is as follows:  
𝑢𝑢𝑖𝑖~𝑁𝑁(0, 𝜏𝜏𝑢𝑢2) 
The parameters 𝜏𝜏𝑣𝑣2 and 𝜏𝜏𝑢𝑢2 control variabi ity in v and u.
Level 3: On this level, the prior distribution determines the precise parameters of 2 random 




, for the 2 parameters of 𝜏𝜏𝑣𝑣 = 1𝜎𝜎𝑣𝑣2 and 𝜏𝜏𝑢𝑢 = 1𝜎𝜎𝑢𝑢2 , 2 distributions—gamma 
(𝑎𝑎𝑣𝑣 ,𝑏𝑏𝑣𝑣) and gamma (𝑎𝑎𝑢𝑢 ,𝑏𝑏𝑢𝑢)—are defined [14,19,20]. To select the suitable gamma distribution, 
we used 𝑎𝑎𝑣𝑣= 0.5 and 𝑏𝑏𝑣𝑣= 0.005 for spatially structured random effects and 𝑎𝑎𝑢𝑢= 0.01 and 𝑏𝑏𝑢𝑢=
0.01 for non-spatially structured random effect , bas d on prev ous studi s in this field. These 
values are equivalent to a non-informative prior distribution.
Level 1: It is assumed that the outcomes have a Poisson distribution and that the RRs 𝜃𝜃𝑖𝑖 are 
i depend nt of each other.
Level 2: The linear predictor variable assumes that 𝜃𝜃𝑖𝑖 has the following form: l g(𝜃𝜃𝑖𝑖) = 𝛼𝛼 + 𝑢𝑢𝑖𝑖 + 𝑣𝑣𝑖𝑖  
Where 𝛼𝛼 is the log-RR baseline, and 𝑣𝑣𝑖𝑖 and 𝑢𝑢𝑖𝑖 represent the spatial random structure and the 
non-spatial random st ucture, respectively. Spatial autocorrelation across neighborhoods (𝑣𝑣𝑖𝑖) is 
induced by the conditional autoregressiv (CAR) model. The CAR model represents risk factors 
with spatial structures, so that specific risk estimates of a given area will tend to shrink toward a 
local mean. The CAR model within the BYM model is as follows:
�𝑣𝑣𝑖𝑖|𝑣𝑣𝑗𝑗, 𝑃𝑃 ≠ 𝑗𝑗, 𝜏𝜏𝑣𝑣2�~𝑁𝑁(?̅?𝑣𝑖𝑖 , 𝜏𝜏𝑖𝑖2)   w ere  ?̅?𝑣𝑖𝑖 = 1∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 ∑ 𝑣𝑣𝑗𝑗𝑤𝑤𝑖𝑖𝑗𝑗𝑗𝑗  and 𝜏𝜏𝑖𝑖2 = 𝜏𝜏𝑣𝑣2∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖  
If areas i and j are neighbors of each other, the weight is equal to 1, and otherwise it is 0. 
The spatial heterogeneity model is dependent on the number of neighbors, and the assumption of 
independence is not always satisfied. To solve this problem, non-spatial random effects (𝑢𝑢𝑃𝑃),
which usually are called exchangeable random effects, are defined. Non-spatial random effects 
indicate that the specific risk estimates of a given area will tend to shrink toward the global mean 
of th  study area. This component in the BYM model is as follows:  
𝑢𝑢𝑖𝑖~𝑁𝑁(0, 𝜏𝜏𝑢𝑢2) 
The parameters 𝜏𝜏𝑣𝑣2 and 𝜏𝜏𝑢𝑢2 control variability in v and u.
Level 3: On this l vel, the prior distribution de ermines the precise parameters of 2 random 
effects from the second level. If G (a, b) represents the gamma distribution with expected value 𝑎𝑎
𝑏𝑏
and vari  𝑎𝑎
𝑏𝑏2
, for the 2 parameters of 𝜏𝜏𝑣𝑣 = 1𝜎𝜎𝑣𝑣2 and 𝜏𝜏𝑢𝑢 = 1𝜎𝜎𝑢𝑢2 , 2 distributions—gamma 
(𝑎𝑎𝑣𝑣 ,𝑏𝑏𝑣𝑣) and gamma (𝑎𝑎𝑢𝑢 ,𝑏𝑏𝑢𝑢)—are defined [14,19,20]. To select the suitable gamma distribution, 
we used 𝑎𝑎𝑣𝑣= 0.5 and 𝑏𝑏𝑣𝑣= 0.005 for spatially structured random effects and 𝑎𝑎𝑢𝑢= 0.01 and 𝑏𝑏𝑢𝑢=
0.01 for non-spatially structured random effects, based on previous studies in this field. These 
values are equivalent to a non-informative prior distribution.
Level 1: It is assumed that the outcomes have a Poisson distribution and that the RRs 𝜃𝜃𝑖𝑖 are 
independent of each other.
Level 2: The linear predictor variable assume  that 𝜃𝜃𝑖𝑖 has the following form: log(𝜃𝜃𝑖𝑖) = 𝛼𝛼 + 𝑢𝑢𝑖𝑖 𝑣𝑣𝑖𝑖  
Where 𝛼𝛼 is the log-RR baseline, and 𝑣𝑣𝑖𝑖 and 𝑢𝑢𝑖𝑖 repres nt th  spatial r ndom structure and the 
non-spatial r ndom structure, respectively. Spatial autocorrelation cross neighborhoods (𝑣𝑣𝑖𝑖) is 
induced by the c nditi al autoregressive (CAR) model. The CAR model repres nts risk factors 
w th spatial structures, so that specific risk estimates of a given area will tend to shrink toward a 
local me . The CAR model within the BYM model is as follows:
�𝑣𝑣𝑖𝑖|𝑣𝑣𝑗𝑗, 𝑃𝑃 ≠ 𝑗𝑗, 𝜏𝜏𝑣𝑣2�~𝑁𝑁(?̅?𝑣𝑖𝑖 , 𝜏𝜏𝑖𝑖2)  where    ?̅?𝑣𝑖𝑖 = 1∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 ∑ 𝑣𝑣𝑗𝑗𝑤𝑤𝑖𝑖𝑗𝑗𝑗𝑗  and 𝜏𝜏𝑖𝑖2 = 𝜏𝜏𝑣𝑣2∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖  
If areas i and j re neighbors of each other, t  weight is equal to 1, and otherwis  it  0. 
The spatial heterogeneity model is dependent on the umber of neighbors, and the assumption of 
independence is not always s ti fied. To solve this problem, non-spatial random effects (𝑢𝑢𝑃𝑃),
which usually are call d exchangeable random effects, are defined. Non-spatial random effects 
indicate th the specific risk estimates of a given area will tend to shrink toward the global me n 
of the study area. This component i  the BYM model is as follows:  
𝑢𝑢𝑖𝑖~𝑁𝑁(0, 𝜏𝜏𝑢𝑢2) 
The parameters 𝜏𝜏𝑣𝑣2 and 𝜏𝜏𝑢𝑢2 control va iability in v and u.
Level On this level, th  p ior dist ibution determin s th  precise parameters of 2 random 




, for the 2 parameters of 𝜏𝜏𝑣𝑣 = 1𝜎𝜎𝑣𝑣2 and 𝜏𝜏𝑢𝑢 = 1𝜎𝜎𝑢𝑢2 , 2 distributions—gamma 
(𝑎𝑎𝑣𝑣 ,𝑏𝑏𝑣𝑣) and g mma (𝑎𝑎𝑢𝑢 ,𝑏𝑏𝑢𝑢)—are defined [14,19,20]. To select th suitable gamma distribution, 
we used 𝑎𝑎𝑣𝑣= 0.5 and 𝑏𝑏𝑣𝑣= 0.005 for spatially structured ran om effects and 𝑎𝑎𝑢𝑢= 0.01 and 𝑏𝑏𝑢𝑢=
0.01 for non-spatially structured ran om effects, based on previous studies in this field. These 
values re equivalent to a non-i f rmative prior istribution.
Level 1: It is assumed that the outcomes have a Poisson distribution and that the RRs 𝜃𝜃𝑖𝑖 are 
independent of each other.
Level 2: The linear predictor variable assumes that 𝜃𝜃𝑖𝑖 has the following form: l g(𝜃𝜃𝑖𝑖) = 𝛼𝛼 + 𝑢𝑢𝑖𝑖 + 𝑣𝑣𝑖𝑖  
Where 𝛼𝛼 is the log-RR baseline, and 𝑣𝑣𝑖𝑖 and 𝑢𝑢𝑖𝑖 represent the spatial random structure and the 
non-spatial random structure, respectively. Spatial autocorrelation across neighborhoods (𝑣𝑣𝑖𝑖) is 
induced by the conditional autoregressive (CAR) model. The CAR model represents risk factors 
with spatial structures, so that specific risk estimates of a given area will tend to shrink toward a 
local ean. The CAR model within he BYM m del is as follows:
�𝑣𝑣𝑖𝑖|𝑣𝑣𝑗𝑗, 𝑃𝑃 ≠ 𝑗𝑗, 𝜏𝜏𝑣𝑣2�~𝑁𝑁(?̅?𝑣𝑖𝑖 , 𝜏𝜏𝑖𝑖2)   where    ?̅?𝑣𝑖𝑖 = 1∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 ∑ 𝑣𝑣𝑗𝑗𝑤𝑤𝑖𝑖𝑗𝑗𝑗𝑗 nd 𝜏𝜏𝑖𝑖2 = 𝜏𝜏𝑣𝑣2∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖
If areas i and j are neighbors of each other, the weight is equ l to 1, and otherwise it is 0. 
The spatial heterogeneity model is dependent on the number of neighbors, and the assumption of 
independence is not always satisfied. To solve this problem, non-spatial random effects (𝑢𝑢𝑃𝑃),
which usually are called exchangeabl  random ffects, are defi e . Non-spatial random eff cts 
indicate that the specific risk estimates of a given area will tend to shrink toward the global ean 
of the study area. This component in the BYM model is as follows:  
𝑢𝑢𝑖𝑖~𝑁𝑁(0, 𝜏𝜏𝑢𝑢2) 
The parameters 𝜏𝜏𝑣𝑣2 and 𝜏𝜏𝑢𝑢2 control variability in v and u.
Level 3: On this level, the prior distribution determines th  precise paramet rs of 2 random 
effects from the second level. If G (a, b) represents the gamma distribution with expected value 𝑎𝑎
𝑏𝑏
and varia c  𝑎𝑎
𝑏𝑏2
, for t e 2 param ter  of 𝜏𝜏𝑣𝑣 = 1𝜎𝜎𝑣𝑣2 and 𝜏𝜏𝑢𝑢 = 1𝜎𝜎𝑢𝑢2 , 2 distributions—ga ma 
(𝑎𝑎𝑣𝑣 ,𝑏𝑏𝑣𝑣) and gamma (𝑎𝑎𝑢𝑢 ,𝑏𝑏𝑢𝑢)—are defined [14,19,20]. To select the suitable gamma istribution, 
we used 𝑎𝑎𝑣𝑣= 0.5 and 𝑏𝑏𝑣𝑣= 0.005 for spatially structured random effects and 𝑎𝑎𝑢𝑢= 0.01 and 𝑏𝑏𝑢𝑢=
0.01 for non-spatially structured random effects, based on previous studies in th s field. These 
values are equivalent to a non-informative prior distribution.
The inclusion of independent variables in the BYM model
The BYM model is as follows when independent variables are added:
𝑙𝑙𝑃𝑃𝑙𝑙𝜃𝜃𝑖𝑖 = 𝛼𝛼 + 𝑢𝑢𝑖𝑖 + 𝑣𝑣𝑖𝑖 + �𝛽𝛽𝑖𝑖𝑥𝑥𝑖𝑖 
In thi equation, 𝑣𝑣𝑖𝑖 and 𝑢𝑢𝑖𝑖 have a ormal prior distribution and a normal conditional 
autocorrelation distribution, respectively. Additionally, 𝛽𝛽 has a prior normal distribution. 
The Moran index
Moran’s index (I) is known as a common statistical index for identifying spatial autocorrelation,
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Where N is the number of spatial units for which variable y is measured and 𝑤𝑤𝑖𝑖𝑗𝑗  is a spatial 
weight matrix defined to determine the degree of locality [21,22]. In this study, we used Moran’s 
I in order to identify spatial autocorrelation and justify the use of the local model (BYM model). 
We used a Markov-chain Monte Carlo (MCMC) simulation to estimate the model parameters. 
The Gibbs sampler was chosen to produce random samples through the parameter space. The 
convergence of the model was evaluated by Brooks-Gelman-Rubin statistics. This metric
evaluates MCMC convergence by comparing the within-chain variance to the between-chain
variance, and values of close to 1 indicate a high degree of convergence. We ran the MCMC 
model with 100000 iterations, and the first 5000 iterations were ignored as burn-in. The 
iterations started from overdispersed initial values on 4 parallel chains. OpenBUGS version 3.2.3
was used for analysis of the BYM model.
RESULTS 
A total of 2815 new cases of CRC occurred in Tehran from 2008 to 2011, of which 2491 (88.4%)
were successfully geocoded to the neighborhood level. Figure 1A shows the geographical 
Level 1: It is assumed t at the outco es have a Poisson istribution and that the RRs 𝜃𝜃𝑖𝑖 are 
independent of each other.
Level 2: The linear predictor variable assumes that 𝜃𝜃𝑖𝑖 has the following form: log(𝜃𝜃𝑖𝑖) = 𝛼𝛼 + 𝑢𝑢𝑖𝑖 + 𝑣𝑣𝑖𝑖  
Where 𝛼𝛼 is the log-RR baseline, and 𝑣𝑣𝑖𝑖 and 𝑢𝑢𝑖𝑖 represent the spatial random structure and the 
non-spatial random structure, respectively. Spatial autocorrelation across neighborhoods (𝑣𝑣𝑖𝑖) is 
induced by the conditional autoregressive (CAR) model. The CAR model represents risk factors 
with spatial structures, so that specific risk estimates of a given area will tend to shrink toward a 
local mean. The CAR model within the BYM model is as follows:
�𝑣𝑣𝑖𝑖|𝑣𝑣𝑗𝑗, 𝑃𝑃 ≠ 𝑗𝑗, 𝜏𝜏𝑣𝑣2�~𝑁𝑁(?̅?𝑣𝑖𝑖 , 𝜏𝜏𝑖𝑖2)   where    ?̅?𝑣𝑖𝑖 = 1∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 ∑ 𝑣𝑣𝑗𝑗𝑤𝑤𝑖𝑖𝑗𝑗𝑗𝑗  and 𝜏𝜏𝑖𝑖2 = 𝜏𝜏𝑣𝑣2∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖
If areas i and j are neighbors of each other, the weight is equal to 1, and otherwise it is 0. 
The spatial heterogeneity model is dependent on the number of neighbors, and the assumption of 
independence is not always satisfied. To solve this problem, non-spatial random effects (𝑢𝑢𝑃𝑃),
which usually are called exchangeable random effects, are defined. Non-spatial random effects 
indicate that the specific risk estimates of a given area will tend to shrink toward the global mean 
of the study area. This component in the BYM model is as follows:  
𝑢𝑢𝑖𝑖~𝑁𝑁(0, 𝜏𝜏𝑢𝑢2) 
The parameters 𝜏𝜏𝑣𝑣2 and 𝜏𝜏𝑢𝑢2 control variability in v and u.
Level 3: On this level, the prior distribution determines the precise parameters of 2 random 




, for the 2 parameters of 𝜏𝜏𝑣𝑣 = 1𝜎𝜎𝑣𝑣2 and 𝜏𝜏𝑢𝑢 = 1𝜎𝜎𝑢𝑢2 , 2 distributions—gamma 
(𝑎𝑎𝑣𝑣 ,𝑏𝑏𝑣𝑣) and gamma (𝑎𝑎𝑢𝑢 ,𝑏𝑏𝑢𝑢)—are defined [14,19,20]. To select the suitable gamma distribution, 
we used 𝑎𝑎𝑣𝑣= 0.5 and 𝑏𝑏𝑣𝑣= 0.005 for spatially structured random effects and 𝑎𝑎𝑢𝑢= 0.01 and 𝑏𝑏𝑢𝑢=
0.01 for non-spatially structured random effects, based on previous studies in this field. These 
values are equivalent to a non-informative prior distribution.
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neighborhoods of Tehran; as can be seen, new cases tended to 
be located in the northern and central areas of the city. Figure 
1B shows the distribution of the population aged 50 years and 
older on the neighborhood level between the censuses of 
2006 and 2011. The fewest inhabitants were found in the 
neighborhoods of districts 9, 18, 19, 21, and 22, which are de-
liberately sparsely inhabited and industrial.
Table 1 shows the mean and standard deviation (SD) and MI 
for all variables analyzed in the study (socioeconomic vari-
ables, health costs, and risk factors). The MI was statistically 
significant for all variables analyzed (p<0.05). This shows that 
there was spatial autocorrelation at the level of the neighbor-
hoods of Tehran for all the variables included in this study. The 
MI was larger for women aged 17 years or older with a univer-
sity education, households living in rental houses, and house-
holds without a car. 
Figure 2A shows the estimated standardized incidence ratio 
(SIR) of CRC on the neighborhood level using the BYM model 
during 2008-2011. In general, the median (interquartile range) 
and mean (SD) values of the SIR of CRC, when there are no 
variables in the model, were 0.59 (1.02) and 1.06 (1.23), re-
spectively. There was no neighborhood with a SIR of 0, and 
about 32.6% of the neighborhoods had a SIR greater than 1.
Table 2 shows the associations between the variables in-
cluded in the study (socioeconomic variables, risk factors, and 
health costs) with the SIR of CRC according to the hierarchical 
BYM model. As can be seen, among the variables under inves-
tigation, 4 had a significant association with the SIR of CRC: a 
women head of household (median SIR, 1.63; 95% CI, 1.06 to 
2.53), living in a rental house (median SIR, 0.82; 95% CI, 0.71 to 
0.96), no daily milk consumption in the household (median 
The Moran index
Moran’s index (MI) is known as a common statistical index 
for identifying spatial autocorrelation, and its values range 
from -1 to 1. It is obtained from the following equation:
 
Where N is the number of spatial units for which variable y is 
measured and wij is a spatial weight matrix defined to deter-
mine the degree of locality [21,22]. In this study, we used MI in 
order to identify spatial autocorrelation and justify the use of 
the local model (BYM model). We used a Markov-chain Monte 
Carlo (MCMC) simulation to estimate the model parameters. 
The Gibbs sampler was chosen to produce random samples 
through the parameter space. The convergence of the model 
was evaluated by Brooks-Gelman-Rubin statistics. This metric 
evaluates MCMC convergence by comparing the within-chain 
variance to the between-chain variance, and values of close to 
1 indicate a high degree of convergence. We ran the MCMC 
model with 100 000 iterations, and the first 5000 iterations 
were ignored as burn-in. The iterations started from overdis-
persed initial values on 4 parallel chains. OpenBUGS version 
3.2.3 (http://www.openbugs.net/w/Downloads) was used for 
analysis of the BYM model.
RESULTS 
A total of 2815 new cases of CRC occurred in Tehran from 
2008 to 2011, of which 2491 (88.4%) were successfully geo-
coded to the neighborhood level. Figure 1A shows the geo-
graphical distribution of new cases of CRC at the level of 
Figure 1. The number of observed cases of colorectal cancer in every neighborhood (A) and the distribution of individuals ≥50 
years of age on the neighborhood level in Tehran (B). 
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The inclusion of independent variables in the BYM model
The BYM model is as follows when independent variables are added:
𝑙𝑙𝑃𝑃𝑙𝑙𝜃𝜃𝑖𝑖 = 𝛼𝛼 + 𝑢𝑢𝑖𝑖 + 𝑣𝑣𝑖𝑖 + �𝛽𝛽𝑖𝑖𝑥𝑥𝑖𝑖 
In this equation, 𝑣𝑣𝑖𝑖 and 𝑢𝑢𝑖𝑖 have a normal prior distribution and a normal conditional 
autocorrelation distribution, respectively. Additionally, 𝛽𝛽 has a prior normal distribution. 
The Moran index
Moran’s index (I) is known as a common statistical index for identifying spatial autocorrelation,
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Where N is the number of spatial units for which variable y is measured and 𝑤𝑤𝑖𝑖𝑗𝑗  is a spatial 
weight matrix defined to determine the degree of locality [21,22]. In this study, we used Moran’s 
I in order to identify spatial autocorrelation and justify the use of the local model (BYM model). 
We used a Markov-chain Monte Carlo (MCMC) simulation to estimate the model parameters. 
The Gibbs sampler was chosen to produce random samples through the parameter space. The 
convergence of the model was evaluated by Brooks-Gelman-Rubin statistics. This metric
evaluates MCMC convergence by comparing the within-chain variance to the between-chain
variance, and values of close to 1 indicate a high degree of convergence. We ran the MCMC 
model with 100000 iterations, and the first 5000 iterations were ignored as burn-in. The 
iterations started from overdispersed initial values on 4 parallel chains. OpenBUGS version 3.2.3
was used for analysis f the BYM model.
RESULTS 
A total of 2815 ew case  of CRC occurred in Tehran from 2008 to 2011, of which 2491 (88.4%)
were successfully geocoded to the neighborhood level. Figure 1A shows the geographical 
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SIR, 0.71; 95% CI, 0.55 to 0.94), and higher household health 
expenditures (median SIR, 1.34; 95% CI, 1.06 to 1.68). For ex-
ample, every 10% increase in having a women head of house-
hold and in household health expenditures led to a 63% and 
34% increase in the SIR of CRC, respectively.
Figure 2B shows the SIRs of CRC at the neighborhood level 
in Tehran based on the BYM model, with all the socioeconomic 
variables, risk factors, and health costs entered into the BYM 
model for each neighborhood. As can be seen, the highest 
SIRs of CRC occurred in neighborhoods located in the north-
ern and central regions of Tehran. Overall, the median (inter-
quartile range) SIR of CRC was 0.57 (1.01), and 31.5% of the 
neighborhoods had an SIR greater than 1. Additionally, the 
mean (SD) SIR of CRC was 1.05 (1.31) based on the BYM model. 
Table 1. Mean values of variables relating to socioeconomic 
factors, risk factors, and health costs, along with the magni-
tude of the MI
Variables Mean (SD) MI p-value
People over 15 years old who were 
unemployed 
9.09 (1.94) 0.08  0.01
Women aged 17 years or older with a 
university education
30.49 (13.17) 0.53 <0.001
Women head of household 11.13 (3.53) 0.26 <0.001
Households without a car 28.96 (7.64) 0.47 <0.001
Households living in a rental house 39.34 (15.29) 0.14 <0.001
Households with an income below the 
poverty line 
19.28 (14.96) 0.24 <0.001
People without insurance coverage 28.44 (12.62) 0.47 <0.001
Households without daily fruit con-
sumption 
13.05 (7.36) 0.23 <0.001
Households without daily milk  
consumption 
54.94 (13.00) 0.28 <0.001
Overweight people aged 15 and older 32.32 (5.13) 0.08 0.02
Smoking households 24.11 (6.20) 0.14 <0.001
Household health expenditures 12.68 (6.94) 0.08 0.02
Household expenditures on diagnoses 17.91 (9.70) 0.06 0.01
Household expenditures on medicine 45.86 (14.03) 0.07  0.02
Household expenditures on hospitals 9.67 (9.85) 0.17 <0.001
Household expenditures on medical 
visits 
18.17 (8.35) 0.07 0.03
MI, Moran index; SD, standard deviation.
Table 2. Associations of socioeconomic variables, risk factors, 
and health costs with the incidence of CRC by the BYM model
Variables Median SIR 95% CI
People over 15 years old who were  
unemployed 
1.17 0.63, 2.19
Women aged 17 years or older with a  
university education 
0.91 0.77, 1.06
Women head of household 1.63 1.06, 2.53
Households without a car 0.88 0.73, 1.08
Households living in a rental house 0.82 0.71, 0.96
Households with an income below the  
poverty line 
1.13 0.90, 1.40
People without insurance coverage 1.05 0.90, 1.11
Households without daily fruit consumption 1.02 0.92, 1.14
Households without daily milk consumption 0.71 0.55, 0.94
Overweight people aged 15 and older 0.95 0.78, 1.17
Smoking households 0.95 0.85, 1.07
Household health expenditures 1.34 1.06, 1.68
Household expenditures on diagnoses 1.01 0.87, 1.18
Household expenditures on medicine 1.05 0.94, 1.18
Household expenditures on hospitals 1.15 0.98, 1.35
Household expenditures on medical visits 1.12 0.95, 1.32
CRC, colorectal cancer; BYM, Besag-York-Mollié; SIR, standardized inci-
dence ratio; CI, confidence interval.
Figure 2. Estimation of the standardized incidence ratios (SIRs) for each neighborhood when there are no variables in the model 
(A) and with the inclusion of all the variables studied in the model (B) from the Besag-York-Mollié (BYM) model.
Colorectal cancer








0 5 10 15 20 km
A
N
0 5 10 15 20 km
Colorectal cancer









Kamyar Mansori, et al.
38
DISCUSSION  
In the present study, the highest SIRs of CRC were found in 
neighborhoods that were located in the northern and central 
regions of Tehran. The people living in these areas generally 
have a higher socioeconomic status, have completed higher 
levels of education, pay more attention to their health, and 
undergo more screening tests. Therefore, more cases of cancer 
are diagnosed in them [23]. Additionally, CRC incidence may 
also be associated with lifestyle factors such as physical activi-
ty and diet, because people residing in urban areas, especially 
regions with a relatively high economic status, usually have 
less mobility and consume more fast food, both of which in-
crease the SIR of CRC [7,24]. Additionally, supporting the 
above conclusions, the present study showed a statistically 
significant association between high household health expen-
ditures (median SIR, 1.34; 95% CI, 1.06 to 1.68) and the SIR of 
CRC. This finding could reflect a tendency for households that 
pay more attention to their health to participate more in diag-
nostic and screening programs of cancer, meaning that more 
cases of CRC will be diagnosed in them. However, these diag-
nosed cases are more likely to be in the early stages of the dis-
ease and have a better prognosis [25-28]. 
A statistically significant association was found between 
having a women head of household (median SIR, 1.63; 95% CI, 
1.06 to 2.53) and the SIR of CRC. This is one of the most impor-
tant indicators of socioeconomic status that is directly related 
to poverty. Households with a women head of household usu-
ally do not have a favorable socioeconomic status. Because of 
legal and cultural factors, they generally do not have the capa-
bility to provide for living expenses and emerge from poverty 
[28]. This finding is consistent with most studies that have 
been carried out in this field. For example, Karamifar et al. [29] 
found that the incidence of CRC was higher in people who had 
completed low levels of formal education and who lived in 
neighborhoods with lower socioeconomic status. In another 
study by Aarts et al. [30], individuals with a low socioeconomic 
status had a higher risk for CRC in the US and Canada, but this 
risk was lower in Europe. Kim et al. [31] also showed that living 
in neighborhoods with a high socioeconomic status and edu-
cation levels may be a protective factor against CRC. In gener-
al, low socioeconomic status is an important risk factor for the 
development of several types of cancer. People with a lower 
socioeconomic status have less access to health care and diag-
nostic tests, and are also less likely to participate in screening 
programs due to an inability to pay the required fees; as a re-
sult, fewer cases of cancer may be reported in them. The cases 
that are diagnosed are more likely to be in the final stages and 
do not have a good prognosis [32,33]. Additionally, people 
with a lower socioeconomic status are more susceptible to 
several types of diseases for various reasons. For example, diet 
is an important factor for gastrointestinal cancers; people in 
lower socioeconomic strata are more likely not to consume a 
healthy diet that contains fiber and fruit, and may therefore 
have a higher risk of cancer. 
In this study, living in a rental house (median SIR, 0.82; 95% 
CI, 0.71 to 0.96) was inversely associated with the SIR of CRC. 
Renters usually belong to lower socioeconomic strata, with 
the corresponding implications for cancer risk.
An inverse statistical association was found between the ab-
sence of daily milk consumption and the SIR of CRC (median 
SIR, 0.71; 95% CI, 0.55 to 0.94). This result is not consistent with 
most studies in this field. The meta-analysis conducted by 
Aune et al. [34] showed that milk and dairy products, with the 
exception of cheese, were associated with reduced CRC risk. A 
study conducted by Green et al. [35] showed that milk intake 
did not have a significant association with the risk of CRC. A 
study by Baena and Salinas [36] also found that milk intake of 
525 mL/d was associated with a 26% risk reduction of CRC in 
men. In general, the protective effect of milk is mediated by 
calcium, because milk is a rich source of calcium. Perhaps the 
most important reason for this problem is the ecological falla-
cy, because in our research, the unit studied was the neighbor-
hood [37,38]. This fallacy can also affect variables such as the 
lack of fruit consumption and overweight, which in the pres-
ent study did not show a significant association with the SIR of 
CRC.
This study had a number of limitations and strengths. One 
of the strengths of this study is that it is the first ecological 
study in Iran to examines the simultaneous effect of various 
socioeconomic factors, health costs, and risk factors on the SIR 
of CRC on the neighborhood level using the BYM model. Its 
limitations include the ecological fallacy, which makes it im-
possible to speak with certainty about the results. Another is-
sue that may affect the results is the edge effect, which refers 
to the fact that border neighborhoods can be affected by the 
size of adjacent regions. A further limitation is that the geoc-
oding of CRC cases in some neighborhoods may have been 
accompanied by a certain degree of misclassification due to 
incomplete postal addresses. 
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In conclusion, all the variables analyzed in this study showed 
spatial autocorrelations at the level of the neighborhoods of 
Tehran. The results of the BYM model also showed that having 
a women head of household, living in a rental house, not con-
suming milk daily, and high household health expenditures 
had a statistically significant association with the SIR of CRC. In 
general, this study showed that inequality was present in the 
spatial distribution of the incidence of CRC on the neighbor-
hood level in Tehran. Paying attention to this inequality and 
associated factors will be useful for resource allocation and the 
development of preventive strategies in at-risk areas.
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